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Surface Defects Inspection of Cold Rolled Strips Based
on Neural Network

LIU Hong-bing, KANG Ge-wen
(._School of Automation Engineering, University of Electronic Science and Technology of China, Chengdu 610054 )

Abstract Defects on the surface of steel strips are main factors to evaluate quality of steel strips, and surface inspection is

of great importance to improve quality of steel strips. Traditional surface inspection by human inspectors is far from

satisfactory. In this paper, an approach to detect real-time surface defects of steel strips based on feed-forward neural

network ( FFN) is discussed. The experiments show that the method is effective.
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Fig.1 Extraction of feature vector
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Fig.2 Structure diagram of feed-forward neural network
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Fig.3 Flow diagram of neural networx
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Fig.4 The images for defect detection
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Fig.5 The resulting images for defect detection using

the arithmetic of this paper
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Fig.6 The resulting images for defect detection using

the arithmetic of Ref{2]
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